Abstract: We compared hippocampal volume measures obtained by manual tracing to automatic segmentation with FreeSurfer in 44 younger (20-30 years) and 47 older (60-70 years) adults, each measured with magnetic resonance imaging (MRI) over three successive time points, separated by four months. Retest correlations over time were very high for both manual and FreeSurfer segmentations. With FreeSurfer, correlations over time were significantly lower in the older than in the younger age group, which was not the case with manual segmentation. Pearson correlations between manual and FreeSurfer estimates were sufficiently high, numerically even higher in the younger group, whereas intra-class correlation coefficient (ICC) estimates were lower in the younger than in the older group. FreeSurfer yielded higher volume estimates than manual segmentation, particularly in the younger age group. Importantly, FreeSurfer consistently overestimated hippocampal volumes independently of manually assessed volume in the younger age group, but overestimated larger volumes in the older age group to a less extent, introducing a systematic age bias in the data. Age differences in hippocampal volumes were significant with FreeSurfer, but not with manual tracing. Manual tracing resulted in a significant difference between left and right hippocampus (right > left), whereas this asymmetry Additional Supporting Information may be found in the online version of this article. 
INTRODUCTION
Given its importance in memory and learning, the hippocampus (Hc) has been extensively studied with neuroimaging techniques in the last decade [e.g., Squire et al., 2004] . Measurement of hippocampal volume has become an important diagnostic tool in clinical settings [e.g., M€ uller et al., 2010] , and volume differences have been revealed for a variety of neurological and psychiatric disorders [Bremner et al., 1995; Chetelat and Baron, 2003; Heckers, 2001; Jack et al., 1999; Sheline et al., 1996] . Measuring hippocampal volume is also important in studies of healthy adults [Bhatia et al., 1993; Honeycutt and Smith, 1995] . The Hc is considered one of the very few brain regions that preserve their potential for neurogenesis into adulthood and aging [Christie and Cameron, 2006] . It is therefore a valuable model for studying both the potential for neuroplasticity as well as its limits in mature brains. Animal studies have demonstrated hippocampal changes in response to experience [Churchhill et al., 2002; Jessberger and Gage, 2008; Kempermann et al., 2002; Kronenberg et al., 2006; Rosenzweig and Bennett, 1996; van Praag et al., 2000] . In the last years, neuroplasticity within the hippocampal formation has also been shown in humans. In their seminal studies, Maguire et al. showed that London taxi drivers have a larger posterior hippocampus region compared to controls and that successful spatial knowledge acquisition is related to hippocampal growth [Maguire et al., 2000 [Maguire et al., , 2006 Woollett and Maguire, 2011] . Other types of learning can trigger changes in hippocampal volume as well, for example learning how to juggle over a period of 3 months [Boyke et al., 2008] , studying for a final medical exam [Draganski et al., 2006] , spatial navigation training [L€ ovd en et al., 2012] , or intense studying of a foreign language [Mårtensson et al., 2012] .
Automated morphometric methods, such as voxel-based morphometry [Ashburner and Friston, 2000] , have been repeatedly criticized for inaccurate normalization procedures and for being susceptible to minor changes in the processing pipelines [Bookstein, 2001; Thomas et al., 2009 ; but see Ashburner and Friston, 2001 , for a rebuttal]. Therefore, manual segmentation is still considered the gold standard. However, manual segmentation is timeconsuming and labor-intensive and thus often not feasible for large data sets. It also requires at least two individual tracers to avoid biases. In many cases, it is desirable to segment the hippocampal formation quickly and efficiently, either to gather information on the health status of a specific person or to investigate large data sets resourceefficiently. Thus, it is important to further validate the usefulness of available automatic tools and to specify under which conditions they do and do not work well.
Manual and automatic segmentation methods have been compared previously [e.g., Cherbuin et al., 2009; Morey et al., 2009] . The findings mostly validate the use of automatic methods for segmentation of brain structures such as the Hc. Cherbuin et al. [2009] segmented 430 randomly selected individuals aged 44-48 years and showed that absolute hippocampal volumes were significantly larger with the automated measure compared with manual segmentation, supposedly due to relatively uniform overinclusion of boundary voxels and surrounding cerebrospinal fluid, and the inclusion of the subiculum/entorhinal/ parahippocampal regions. Still, correlations between the two methods were high and the relationship of hippocampal volume to selected sociodemographic and cognitive variables were unaffected by measurement method. Dewey et al. [2010] analyzed scans of 120 HIV-infected patients (86.7% male; with a mean age of 47.3 years) and compared two automated volumetric outputs, namely FreeSurfer and individual brain atlases using statistical parametric mapping (IBASPM), to auto-assisted manual tracings. They evaluated FreeSurfer to be effective for subcortical volumetry, but recommend visual inspection of segmentation output along with manual correction to ensure validity of the data. They suspected especially the border between amygdala and Hc to often be erroneous, as well as the border between tail of the Hc and lateral ventricle. Morey et al. [2009] compared manual tracings to automatically segmented hippocampal volumes with FreeSurfer and FSL/FIRST in 20 subjects. Validated in relation to hand tracing, hippocampal measurements with FreeSurfer were superior to FIRST on all aspects of the objective measures they used. They also reported a systematic inflation of Hc volume in Freesurfer estimates compared to hand tracing, which they attribute to shape differences in the anterior-medial surface and increased variance in this region of the Hc. Shen et al. [2010] compared manual and automated estimates of hippocampal volumes in patients with cognitive complaints (n 5 39, mean age 5 72.8), MCI (n 5 37, mean age 5 72.7), and early AD (n 5 11, mean age 5 75.6) as well as in healthy controls (n 5 38, mean age 5 70.6). The two methods agreed strongly, confirming FreeSurfer's potential to determine hippocampal volumes in large-scale studies, even though there was a systematic volume difference between FreeSurfer and manual results. The authors argue that this difference stems from FreeSurfer's tendency to be more inclusive especially in the tail region and to have a few local excursions on the surfaces. Tae et al. [2008] ) conducted a study on 21 female patients aged 18-60 years with major depressive disorder in which FreeSurfer showed good agreement with manual hippocampal volume and detected hippocampal atrophy in the patients compared with healthy controls. Similar to the studies mentioned earlier, the authors speculated that the volume overestimation was caused by an expansion of the Hc segmentation into adjacent white matter at the bottom of the Hc, as well as the inclusion of the entorhinal cortex and parts of the lateral ventricle, and an overall inaccurate differentiation of the Hc from the amygdala. Oscar-Berman and Song [2011] investigated the usefulness of FreeSurfer in 32 alcoholics and 37 controls with a mean age of about 53 years and showed that many brain structures as well as the Hc could be segmented reliably, but correlations between FreeSurfer and a semiautomated-supervised-system were lowest in subjects with the greatest abnormalities. S anchez- Benavides et al. [2010] compared hippocampal automated measures with manual tracings in healthy (n 5 41), mild cognitive impairment (MCI; n 5 23), and Alzheimer's disease patients (n 5 25; covering the age range of 60-80 years) and found adequate validity for FreeSurfer estimates with a general tendency for volume overestimation, even more pronounced in atrophic brains.
In this study, we compare results from a manual segmentation protocol that has extensively been described in L€ ovd en et al. [2012] , mainly following the guidelines by Pruessner et al. [2000] , to an automated segmentation of the hippocampus done with the FreeSurfer toolbox (www. surfer.nmr.mgh.harvard.edu). Here, we focus on two aspects that have not received sufficient attention so far. First, we investigate potential age group differences in reliability and validity of the automated volume estimation method of FreeSurfer. As an aged brain could also be seen as a brain with abnormalities that are more or less pronounced, depending on interindividual differences in biological aging, it is warranted to examine potential limitations of FreeSurfer in this population when comparing different age groups. Second, we investigate potential differences with respect to the segmentation of left and right Hc. Brain morphometric studies often incorporate hemispheric asymmetry analyses of segmented brain structures. Such asymmetry has been studied in many neurological conditions, for example post-traumatic stress disorder [Pavic et al., 2007] , MCI and Alzheimer's disease [Chetelat and Baron, 2003; Geroldi et al., 2000; Shi et al., 2009] , and depression [Kronm€ uller et al., 2009] . Since an analysis of hippocampal asymmetry should be important not only for diagnostic purposes, it is warranted to investigate the performance of automatic segmentation methods compared to manual tracing more closely also in normal populations.
METHODS

Participants and Study Design
To compare manual and automated segmentation of Hc, we used a previously acquired dataset including 44 younger participants (20-30 years; M 5 26.0; SD 5 2.8) and 47 older participants (60-70 years; M 5 65.0; SD 5 2.8). A detailed description of the effective sample and the design of the study have been reported elsewhere [see L€ ovd en et al., 2011 Wenger et al., 2012] . In short, the study consisted of a pretest measure (henceforth called time point A) with magnetic resonance imaging (MRI), a training phase of about 4 months, posttest 1 (henceforth called time point B) with MRI immediately after the training phase, a period of another 4 months without any training, followed by posttest 2 (henceforth called time point C) with a final MRI measure. Participants in the experimental group performed a navigation task in a virtual environment of a zoo while walking on a treadmill. Participants in the control group walked the exact same amount of time on a treadmill but without performing the navigation task. Here, we analyze participants from both groups together and the data from all three time points. Since the results for each time point are highly similar, we will focus on time point A. The replicated results from time point B and C can be found in the appendix. For crosstime point analyses, we use training group as a covariate to control for differential training effects across group and time, which have already been reported elsewhere [L€ ovd en et al., 2011 Wenger et al., 2012] .
MRI Acquisition
Three high-resolution T 1 -weighted images from each participant were acquired on the same 3 Tesla Magnetom Trio scanner (Siemens, Erlangen, Germany), with an 8-channel phased-array head coil. We used an MPRAGE sequence with the following parameters: TE 5 5.12 ms, TR 5 2600 ms, TI 5 1100 ms, flip angle 5 7 , bandwidth 5 140 Hz/pixel, matrix 5 320 3 320 3 240, isometric voxel size 5 0.8 mm 3 .
Manual Tracing
All manual tracing was performed based on the T 1 -weighted MPRAGE images using a stylus on a Wacom DTU-710 pen tablet (Wacom Technology, Vancouver, WA) and the Analyze 8.1 software package (AnalyzeDirect, Overland Park, KS).
The two experienced raters were always blinded to group and measurement occasion before performing r Wenger et al. r r 4238 r segmentation. Images were displayed in native space at a magnification factor of 3. We manually aligned all images and determined the anterior and posterior limits of the hippocampus to define the set of relevant slices. Both raters worked on a subset of randomly chosen slices of the same size, to minimize rater-related biases in single-data sets [Raz et al., 2004] . To enhance intraperson reliability across the 3 measurement occasions, we used a 2-step segmentation procedure. In the first step, one data set from each participant was randomly chosen and segmented according to the protocol described below. The resulting regions of interest (ROIs) were then coregistered to the remaining two data sets of that person, using automatic rigid-body coregistration routines provided in Analyze 8.1. All data sets were then anonymized with respect to the measurement point, such that the raters were unaware of the origin of the template ROI. The final segmentation was done on the basis of both the segmentation protocol and the template that overlaid the images from each time point. The entire Hc was segmented anterior-to-posterior using the coronal view as default. Generally, our approach followed the protocol provided by Pruessner et al. [2000] and was based on intrinsic anatomic properties of the hippocampus [Duvernoy, 2005] following a number of guiding rules. Full details of our protocol are reported as Supporting Information. To determine the reliability of the ROIs that entered our data analysis, we randomly chose a subsample of 20 data sets after the segmentation of the whole sample was completed. A parallel version of the ROIs that already existed for these data sets was added, so that each rater now processed those slices that the other rater had processed before. The interrater agreements for all slice-based and volume-based comparisons exceeded 0.93 [ICC2, Shrout and Fleiss, 1979] .
FreeSurfer Segmentation
All cortical reconstruction and volumetric segmentation were performed with the FreeSurfer software package version 5.3 using the longitudinal processing scheme implemented to incorporate the subject-wise correlation of longitudinal data into the processing stream (http://surfer. nmr.mgh.harvard.edu/; e.g., Fischl et al., 2002 ) on a homogenous, GNU/Linux based computer cluster comprising of 608 CPU cores and a total memory size of 2.3 TB. Assessments of test-retest reliability of FreeSurfer have revealed high intraclass correlations of 0.994 for MPRAGE sequences [Wonderlick et al., 2009] . All reconstructed data were visually checked for segmentation accuracy at each time point. No manual interventions on the data were performed.
Statistical Analysis
All statistical analyses were conducted in SPSS 20, with an alpha level for all analyses of p 5 0.05. We calculated stability coefficients over time for the two methods, with partial Pearson correlations using training group as a covariate.
These test-retest correlations represent lower bound estimates of retest-reliability rather than test-retest reliability per se, given that they are calculated on a data set in which not only measurement error can introduce variance but also both normal aging and training effects can allow for true variance in change. All other analyses were run using the data from the first time point A. Replication of the reported pattern of results on the data of time point B and time point C can be found in the appendix.
We calculated bivariate Pearson correlations as well as intra-class correlation coefficients (ICC2) between the two estimation methods. Both measures can be used to compare two raters or methods. The Pearson correlation is a measure of interclass agreement that represents the overlap in relative ordering of individual data points in two data sets. In contrast, ICC are based on the assumption that two data sets pertain to one class with common variance and mean [Shrout and Fleiss, 1979; McGraw and Wong, 1996] . As a consequence, ICCs of the ratings of two methods do not only decrease in response to relative ordering of the single data points but also in response to differences in variance or differences in mean. In that sense, ICCs provide more stringent information about rater agreement [M€ uller and B€ uttner, 1994] . Conceptually, ICCs are more appropriate to quantify the agreement between manual and automated segmentation procedures. To provide better comparability to results of earlier studies [Cherbuin et al., 2009; Morrey et al., 2009; Sanchez-Benavides et al., 2010] , however, we also report Pearson correlations.
As Shrout and Fleiss [1979] point out in their seminal article, there are many different types of ICC, and the version used must be selected carefully. Following suggestions by McGraw and Wong [1996] , we used a two-way, mixed model, single measure intraclass correlation with agreement type, as is appropriate for the data at hand.
To investigate potential age and hemisphere differences, we conducted a 3-way repeated measures analysis of variance (ANOVA) with hemisphere (left, right) and method (manual, FreeSurfer) as within-subjects factors and age (young, old) as a between-subjects factor. To trace the source of significant interactions, we calculated 2-way repeated measures ANOVAs for each method, with hemisphere and age as factors. In addition, we conducted paired-samples t-tests to assess differences between estimation methods separately for the two hemispheres, and between hemispheres, for each estimation method. We conducted these follow-up analyses across as well as within age groups. To assess potential bias in the automatic volume estimation, we computed bivariate Pearson's correlations between manual estimates and the difference between FreeSurfer and manual estimates.
RESULTS
Stability Coefficients Over Time
Stability coefficients are summarized in Table I . Generally, partial correlations controlling for training group r Comparing Manual and Automatic Segmentation of Hc Volumes r r 4239 r between the 3 measurement points were very high. For manual tracing, correlations were comparably high for younger and older adults alike, with no significant differences between correlations. For FreeSurfer segmentations, however, we observed significant age-group differences in the correlations. Correlations were lower for the older than for the younger age group between some time points: Between pretest and posttest 1, and posttest 1 and posttest 2, correlations were significantly lower in the older age group (computed with Fisher r-to-z transformation, z 2.27, p < 0.05; see Table I , for exact correlation values).
Correlation Between FreeSurfer and Manual Volumes
Results for Pearson correlations between manual and FreeSurfer estimates as well as ICC values are listed in Table II 
Mean Differences Between FreeSurfer and Manual Volumes as a Function of Age and Hemisphere
The 3-way ANOVA with Hemisphere, Method, and Age as factors revealed a significant main effect of Method, F(1,89) 5 565.39, p < 0.001, h Table III (Fig. 1) . Hence, the main effect of Age in the 2-way ANOVA was reliable for FreeSurfer (F(1,89) 5 40.57, p < 0.001, h 
Correlation of Difference Between FreeSurfer and Manual Estimates and Manual Segmentation as a Proxy for True Hippocampal Volume
In the younger age group, there was no relation between manually assessed hippocampal volume and the difference between FreeSurfer and manual estimates, neither in left Hc, r 5 0.013, p 5 0.931, nor in right Hc, r 5 0.130, p 5 0.401. However, in the older age group there was a negative association, both in left Hc, r 5 20.551, p < 0.001, and in right Hc, r 5 20.421, p 5 0.003. This suggests a bias in automatic volume estimation for the old age group. Specifically, in the younger age group, FreeSurfer overestimated hippocampal volume, and it did so independently of manually assessed hippocampal volume ( Fig. 3 ; see also Fig. 4 for exemplary visualization of small and large young and old Hc segmentations). By contrast, in the older age group the difference between FreeSurfer and manual segmentation decreased as the manually segmented Hc size increased, indicating a differential bias toward relatively underestimating larger volumes in older adults.
The same analyses were run on the second and third measurement time point, where results display the exact same pattern as on the first time point (see appendix).
DISCUSSION
Our results reveal high stability coefficients over time for both manual and FreeSurfer segmentations. With FreeSurfer, correlations over time were significantly lower in the older than in the younger age group, which was not the case with manual segmentation. The Pearson correlations between the two assessment procedures were relatively high (0.683 for left Hc and 0.766 for right Hc).
Figure 1.
Mean differences between the two estimation methods were more pronounced in the young age group. Absolute agreements between the two measures, however, were considerably lower, as FreeSurfer estimated volumes to be higher. This volume difference was larger in the young than in the old. FreeSurfer detected a significant age difference in hippocampal volume, whereas manual tracing did not. However, manual tracing resulted in a significant difference between left and right Hc, whereas FreeSurfer segmented both sides in a more similar manner. FreeSurfer overestimated hippocampal size independently of manually assessed volume in the younger age group, but relatively underestimated larger volumes in older adults, thus introducing a bias in this age group.
To our knowledge, no other investigation up to date has compared manual segmentation with FreeSurfer segmentation in healthy younger adults and healthy older adults within the same study. Doing so has allowed us to discover an age-differential segmentation bias that would have gone unnoticed otherwise. For younger adults, individual differences in volume estimates derived from FreeSurfer and manual segmentation were highly correlated, as the mean volumes estimates with FreeSurfer exceeded manually obtained estimates by a constant amount. In contrast, for older adults, adding a constant value did not capture differences between the two methods, as the degree of disparity between the two methods was found to depend on the size of manually estimated volumes. Specifically, the difference between FreeSurfer and manual segmentation decreased as the manually segmented hippocampus volumes increased, pointing to a differential bias towards relatively underestimating larger volumes in older adults with FreeSurfer compared to manual segmentation. Thus, FreeSurfer may yield cross-sectional age-group differences in instances in which manual segmentation would not. This finding is novel and important for the field, as hippocampal segmentation based on FreeSurfer is increasingly being used in studies on normal cognitive aging, pathological cognitive aging, and in studies involving elderly populations suffering from some kind of disease.
These results thus portray a twofold picture of reliability and validity in manual and automatic Hc segmentations. In the younger age group, FreeSurfer can be regarded as a reliable and valid method for assessing differences in hippocampal volume, with at least as high reliability as manual tracing. However, in the older age group, the overestimation with FreeSurfer was dependent on "true" hippocampal volume, as it was smaller for larger hippocampi than for smaller hippocampi. Clearly, these novel results concerning an age-differential bias in older hippocampi are important for the growing field using automatic hippocampal segmentations in aging and diseased populations.
The absence of a significant main effect of age for our manual segmentation method may be regarded as surprising, given previous reports of hippocampal shrinkage in normal aging [e.g., Raz et al., 2005; Scahill et al., 2003] . However, there have also been studies finding no crosssectional differences in hippocampal volume with age [Bigler et al., 1997; Du et al., 2006; Liu et al., 2003; Sullivan et al., 1995 Sullivan et al., , 2005 Szentkuti et al., 2004] . It has also been shown previously that several individuals from an older age group in their seventies can indeed have a similar or even larger hippocampal volume than 20-30 year old adults, and that the dispersion around the mean of hippocampal volume does not necessarily have to differ for younger and older adults [Lupien et al., 2007] , which is exactly what we see in our data from manual tracing. Furthermore, it is of course important to note the strict inclusion criteria that had to be met in order to participate in the study. Participants had to be able to walk on a treadmill without any gait problems, be free from neurological Difference between FreeSurfer and manual estimates as a function of manually segmented "true" hippocampal volume decreases in the old age group but stays stable for the young age group.
r Wenger et al. r r 4242 r or other severe diseases, and had to be able to undergo MRI scanning, which removed participants with implants. Therefore, participants in our older age group may be classified as high-functioning elderly adults. As such, they are more likely to have a better-preserved brain structure than the average person from this age cohort.
The bias in volume estimation within FreeSurfer in the older age group is not only interfering with cross-sectional comparisons but also poses challenges on the programs' applicability in longitudinal studies. FreeSurfer would presumably be less sensitive to longitudinal decreases in hippocampal volume in samples of older adults, as the overestimation is higher for smaller volumes in this age group, and would also be less likely to find longitudinal increases, as larger hippocampal volumes are not being overestimated to the same extent as smaller ones.
Another intriguing difference between the two segmentation methods concerns the left-right Hc asymmetry. As expected from the literature [e.g., Barnes et al., 2008; Basso et al., 2006; Honeycutt and Smith, 1995; Jack et al., 2003; Krasuski et al., 1998; Pruessner et al., 2000] , manual segmentation yielded a bigger right than left Hc. FreeSurfer also estimates the right Hc as slightly bigger, but with a considerably smaller effect size. When we used earlier processing versions of FreeSurfer, we even saw an absence of significant differences between the hippocampi. The data pattern observed in our study is in good agreement with the left-right asymmetry reported in S anchez- Benavides et al. [2010] . S anchez-Benavides et al. [2010] found that the left-right discrepancy was statistically reliable with manual segmentation, but not with FreeSurfer segmentation. Although the left-right asymmetric segmentations result is repeatedly reported in several studies, there are also others that do not find a significant difference between left and right hippocampus in healthy individuals, both with segmentation on MR images [e.g., Bigler et al., 1997; Raz et al., 2004] and in autopsy data of post-mortem brains [Bogerts et al., 1990] . This ambiguity might stem from a potential bias in manual segmentation, based on the laterality of visual perception [Maltbie et al., 2012] . It is possible that human tracers do prefer one side of a displayed brain during tracing and are thus more accurate on one side of the brain, therefore producing one bigger and one smaller Hc. A possible solution could be to display both hippocampi on the same side of the monitor by flipping the MR image during segmentation. As it cannot be determined from manual segmentation results alone how big the true anatomical left-right asymmetry effect is, it cannot be concluded whether FreeSurfer is performing erroneously or correctly in producing a considerably smaller effect.
We have discussed that FreeSurfer's reliability and validity is different for younger and older hippocampi. It is quite likely that the values for tissue priors and coordinates of the default segmentation atlas used in FreeSurfer are further away from optimal values for older adults than for younger adults. The default segmentation atlas in FreeSurfer is created on the basis of 39 middle-aged brains (mean age around 38 years 6 10), primarily drawn from a sample described by Goldstein et al. [1999] . The hippocampi of this sample were manually segmented according to the conventions of the Center for Morphometric Analysis [Fischl et al., 2002 [Fischl et al., , 2004 . Probably, the brain structure of these middle-aged brains was more similar to the brain structure of the younger adults of our study, who were aged 20-30 years, than to the brain structure of the older adults, who were aged 60-70 years, resulting in more accurate segmentation for younger than for older brains. Older brain structures, as displayed on T 1 -weighted MR images, typically show a less distinct gray-white matter contrast [Westlye et al., 2009] , and are more "blurry," which makes it harder to define the true border around the Hc and its surrounding structures or cerebrospinal fluid. However, it remains unknown why the automatic segmentation algorithm did not overestimate the volume for bigger older Hc in the same way as for smaller older Hc, or younger Hc in general. Considering the blurriness of old brain structures on MR images, it would have been maybe even more plausible if bigger older Hc had been more overestimated. However, the present data yielded the opposite pattern. Future studies should follow up on this finding of overestimation in younger and smaller older Hc, coupled with a relative underestimation of larger older Hc and try to determine sources of this estimation bias. A useful step would be to build age group-specific default segmentation atlases [see also Avants et al., 2010] . Given that normal aging is associated with gradual anatomical changes [e.g., Raz et al., 2005] and is often modulated by age-correlated conditions that affect the brain, such as cardiovascular and metabolic syndromes, the importance of arriving at an age-adjusted template is obvious. Rerunning the FreeSurfer pipeline with customized masks in the background and examining how such default-segmentation atlases may change subcortical volume estimates may help to circumvent the current ambiguities in the data. As the generation of a whole-brain segmentation atlas is very time-consuming, cooperation between different laboratories performing manual whole brain segmentation is desirable, with the common goal of creating an age-graded segmentation atlas.
In general, there are marked differences in the labeling protocol between FreeSurfer and our manual segmentations, which followed the rules provided by Pruessner et al. [2000] . Visual inspection of the graphic overlay of both segmentations gives hints to differences in the labeling protocol especially in the subiculum/entorhinal/parahippocampal regions, the border between amygdala and the hippocampus, and the border between the tail of the hippocampus and the lateral ventricle, as has also been reported by others [e.g., Cherbuin et al., 2009; Dewey et al., 2010; Morey et al., 2009] . In all these areas, FreeSurfer seems to be more inclusive, whereas the manual tracing protocol provided clear rules of where to draw the anatomical boundary between the hippocampus and its surroundings, which is in general difficult to define [Duvernoy, 2005 ; also see Supporting Information for further information]. These differences in segmentation protocols might prevent the two methods from being completely interchangeable, and might pose challenges on studies in which hippocampal shape in these regions is of main interest. The tendency of FreeSurfer towards overinclusion of boundary voxels and a more liberal definition r Wenger et al. r r 4244 r of boundaries to the amygdala, entorhinal cortex, and lateral ventricle would not constitute a major drawback for many research questions if it were consistent across individuals and volumes. However, the results of this study show that this tendency varies by volume and age group, resulting in biased comparisons between younger and older adults, and biased individual estimates within groups of older adults. We note a need for further improvements of the FreeSurfer segmentation pipeline to identify and overcome these sources of bias.
To summarize, there were differences in segmentation outcomes between manual and FreeSurfer estimates with regard to age effects and left-right asymmetry, with further investigation needed to establish which segmentation method introduces a bias in volume estimation and leftright asymmetry. We conclude that FreeSurfer is a credible and valid method to assess differences in hippocampal volume in younger age groups and can therefore be a feasible method to analyze large datasets of young adults. However, no definitive statements about the size of left and right Hc should be made at this point, and research where such asymmetries are of importance should take heed. Importantly, FreeSurfer estimates in older age groups should be interpreted with care until the automatic segmentation pipeline has been further optimized to increase validity and reliability in this age group.
APPENDIX
Similar to the data from the first measurement time point, correlations between manual and FreeSurfer estimates were numerically higher in the younger than in the older age group at both later time points B and C (see Table IV ). FreeSurfer again yielded consistently higher hippocampal volume than manual segmentation, which was again more pronounced in younger adults. Manual segmentation resulted in a hemispheric difference between left and right hippocampus, whereas FreeSurfer estimated them more similarly (see Table V 
